The increasing competitiveness in the business sector forces facilities managers in reducing expenditure on "non-core" activities. Consequently, the integration of different domains related to facilities management (FM) motivates the development of a quantitative model, which may contribute both to the planning of FM activities and to the improved effectiveness of FM units. Three methodologies were used in the research presented in this paper: a structured FM survey conducted among acute care facilities in Israel; a statistical analysis of the data; and the conceptual development of an FM model. The proposed model is divided into three main phases that deal with the following five main FM domains. The outcomes of the model produce a set of variables, which can be analysed according to a given facility. In addition, the model provides guidelines for the methodological design and management of healthcare facilities from a life-cycle perspective.
Introduction
Property, as a component of an organisation's facilities, is regarded as an asset that, when properly managed, can add strategic value to the organisation. Added to this is the increase in competitiveness in the business sector, which is putting pressure on companies to reduce expenditure on "non-core" activities. The increasing requirements for the economic operation of facilities have led to the development of the facilities management (FM) discipline. This encourages building owners and users to increase their expectations and requirements of facilities. Facilities managers thus are expected to attain lower operational costs by efficient construction, management, and maintenance of facilities, without compromising their performance.
Today's unexpected rate of changes, and the uncertainties that it brings, challenge those who are charged with the management of property and facilities to acquire a better understanding of the body of knowledge and the procedures related to the built asset. Consequently, integration of different specialisms related to FM (maintenance, performance, risk management, energy and operations, management, and development) presents a rationale for the development of a quantitative model, which may contribute both to the planning of FM activities and to the improved effectiveness of FM units. At present, the discipline of FM lacks quantitative models that support decision making at the strategic and tactic levels, and therefore this development is deemed necessary.
The progress in information technology (IT) provides greater data-processing capacities, which are applicable at all stages of the built asset's life cycle -from design to operations and maintenance. Furthermore, new computational methodologies, which include artificial intelligence (AI) methods (e.g. artificial neural networks (ANN) and case-based reasoning (CBR)), create opportunities for the development of novel attitudes towards a more integrated approach to built asset management.
These advances necessitate the development of a quantitative model that will investigate buildings according to core FM parameters and variables. For instance, the effect of average occupancy, which is defined as the number of patient beds per 1,000m 2 floor area; and built density, which is defined as the ratio between the total built area (floors and parking areas) and the total ground area must be quantified in such a model. Variables such as preparedness, which is defined as the capacity of the utilities (water and fuel) and of energy reservoirs (air-conditioning, electricity, and fire detection); and required performance level necessitate quantitative analysis. Such a model should integrate these different FM domains and ultimately produce performance indicators for consideration and implementation in the making of strategic decisions in FM. The proposed FM model is unique in its capability to handle multivariables with multiple effects among them, a limited number of cases, missing and incomplete data and significant differences between facilities. This paper also describes the rationale and architecture of the model.
Scientific background
Healthcare FM In general, the FM discipline is perceived today as a multi-disciplinary theme that aims to integrate between people and the physical workplace of an organisation (BIFM, 2003; EuroFM, 2003; IFMA, 2003) . The knowledge base on the subject of healthcare FM, in particular, has grown, especially due to the substantial academic research and practical efforts that have been witnessed during the past decade.
The literature abounds with researchers who are known to have dealt with different aspects of healthcare FM, including:
. the development of the profession and the role of facilities manager in the healthcare organisation (Gelnay, 2002; Rees, 1997 Rees, , 1998 Gallagher, 1998) ;
. the development of key performance indicators (KPIs) for healthcare facilities (Fredriksen, 2002; Pullen et al., 2000) ; and . risk management of such facilities (Okoroh et al., 2002; Holt et al., 2000) . Shohet and Lavy (2004) described six core domains of healthcare facilities management, as follows:
(1) maintenance management; (2) performance management; (3) risk management; (4) supply services management; (5) development, which includes strategic planning; and (6) IT, the implementation of which may assist in resolving the complexity that is inherent in the subject of healthcare FM. Gallant (1994) outlined the main objectives of AI as the creation of applications that perform as well as humans on tasks involving learning, vision, language, and robotic motion. During recent years, a great deal of interest has been expressed in AI techniques, which are being introduced increasingly into various practical applications (Clark and Metha, 1997) . The current development of computer applications in the area of FM is, however, still slow; primarily due to the fact that it requires comprehensive, structured asbuilt databases (Yu et al., 1997) . AI is often developed in terms of various methodologies, such as constraint-based programming, fuzzy logic, genetic algorithms, logic programming, ANN, and CBR, all of which were developed over the past three or four decades (Watson, 1999) . In the following, we will examine the different AI techniques, and consider AI's potential applicability in resolving FM problems:
IT
.
Constraint-based analysis and programming was developed mainly in order to resolve scheduling problems. Such problems contain constraints that must be satisfied (e.g. production, technological coherence, resource, and capacity constraints), and other preferences such as minimisation of machine time, whose satisfaction is desirable (Hopegood, 1993; Fahle et al., 2002) . Thus, this methodology is not suitable for use in this research, since it does not deal with constraints and preference problems.
. Fuzzy logic can be considered as a methodology that computes an output vector from an input vector by applying linguistic rules or statements (Costa et al., 1996) . The fuzzy rules are read as IF-THEN conditions. Thus, fuzzy logic can successfully deal with multi-variable, non-linear, and time-varying processes (Stylios and Groumpos, 1999; Ligas and Ali, 1996) . The architecture of the problem in this research that includes performance and risk evaluation cannot be characterised using linguistic conditional statements; consequently this methodology is deemed unsuitable.
. Genetic algorithms are a search and optimisation technique based on genetics and inspired by natural evolution (Lingras, 2001; Leite et al., 2002) . Genetic algorithms belong to the category of probabilistic algorithms, and their problem-solving process requires several feasible solutions (Goldberg, 1989) . Since the problem in this study is not an optimisation problem (except certain parts of it, e.g. the maintenance policy), and since the scope of data in FM is limited, this technique is inappropriate for successful implementation here.
. Logic programming combines logic and procedures (Cercone and McCalla, 1987) . Garcia and Chien (1991) (Fausett, 1994; Flood and Kartam, 1994; Garrett et al., 1997; Chao and Skibniewski, 1998; Edwards et al., 2000) . The application of ANN has several drawbacks, namely, its ability to deal only with numerical figures, and its requirement of a large body of data sets (Yau and Yang, 1998a) . The FM problem is characterized by a limited number of cases, and by missing and incomplete data; therefore the use of ANN is unsuitable.
. Yu et al. (2000) perceived that "future FM software must be more integrated so that facilities can be managed in a more comprehensive manner during their life cycle". FM usually requires an analysis of a considerable amount of data, which makes it very difficult to obtain and produce appropriate and suitable knowledge (Christian and Chan, 1993) . As can be seen from the characteristics of the above techniques, they are inadequate or only partially suitable for implementation in an integrated FM model. Therefore, we will next examine a potentially suitable AI technique, namely, CBR.
CBR
A different problem-solving paradigm approach is known as CBR. CBR was originally motivated by the desire to understand how people remember information, and it was found that people generally solve problems by recalling how similar problems were solved (Watson, 1999) . CBR is capable of utilising the specific knowledge obtained in previously experienced concrete cases; thus, it is a technique that solves a new problem by retrieving previous cases from a "bank" of classified cases, using sets of indicators and rules (Kim and Han, 2001) . Aha (1998) described five main steps for achieving a solution to a new problem:
(1) retrieve a set of stored cases decided to be similar to the description of the new problem; (2) reuse one or more solutions from these cases; (3) revise: adjust these solutions in order to solve the current problem; (4) review: assess the results attained from applying the proposed solutions to the current problem; and (5) retain: evaluate if the new problem is appropriate to be added to the library of cases as a new case.
The literature cites many researchers that have been known to use the CBR approach in solving complex problems, with the majority of applications being in the field of medicine (Ozturk and Aamodt, 1998) . In construction engineering, CBR has been used in various applications, including: a steel bridge members plant where it was used to examine and recommend corrective actions for manufacture errors (Roddis and Bocox, 1997) ; the selection of retaining walls (Yau and Yang, 1998b) ; the assessment of its application in a house-renovation funding system (Brandon and Ribeiro, 1998) ; solving of scheduling problems (Dzeng and Tommelein, 1997; Burke et al., 2000) ; in a study on the bidding behavior of contractors in the procurement of different projects (Chua et al., 2001) ; and so on. Arditi and Tokdemir (1999) compared the two approaches, CBR and ANN, in order to predict the effectiveness of the techniques in solving construction litigation problems. They found the CBR approach to be more successful, especially due to the kind of information it provides (which includes different definitions of features). In CBR, each case is represented by a number of fields that take on various forms, such as numerical, logical, alphabetical, and strings. Yau and Yang (1998a) concluded that "a CBR application's input and output are more readable than that of a neural network application". One important advantage of CBR is its suitability for implementation in cases in which the interactions and relations between variables are not clearly formulated and understood (Cunningham and Bonzano, 1999) .
As is the case in medicine problems, the problem of healthcare FM is characterised by different kinds of data, including both numerical data (e.g. maintenance budget, physical performance, and energy consumption), and verbal data (e.g. geographical category, type of facility, and maintenance policy). In addition, data for most of the healthcare facilities studied was partially missing or incomplete, making the task at hand similar to giving an expert medical diagnosis when some of the information is incomplete or unknown. Furthermore, like in medical problems, the type of solution and the reasoning mechanism involves integration of statistical knowledge of the phenomenon with previous experience and heuristics of other cases. Like the human body, built facilities are system-intensive entities in which malfunctioning of one system propagates to other systems. Since CBR has exhibited high efficiency in the field of medicine, it may prove itself to be a promising approach for diagnosing and treating built facilities as well.
Methodology
The present research uses the following methodologies:
(1) Structured field survey (data gathering). A structured questionnaire survey was distributed among 21 facilities managers of public acute care hospital facilities in Israel. The questionnaire focused on facility parameters and variables such as building parameters, maintenance activities, manpower, energy and operations, and performance. Performance was examined by dividing the buildings into ten main systems, which were in turn subdivided into 52 main building components. Each component was evaluated according to the building performance indicator (BPI) (Shohet, 2003a, b) using a 100-point rating scale, in which 20 represents the lowest score and 100 the highest. The main objective of this survey was to characterise the core parameters and variables that affect FM performance. (2) Statistical analysis. Although the facility managers of 14 of the 21 healthcare facilities that constituted a representative sample of the population of public acute care hospitals in Israel answered the questionnaire (67 per cent), the data available were still incomplete. The data collected in the field survey were analysed using different statistical approaches, which led to the development of a preliminary set of indicators for the evaluation of maintenance, performance, and management of a hospital facility. (3) Conceptual development of the model. The conceptual development of the Integrated Facilities Management Model (IFMM) was conducted based on the statistical analyses of the field survey findings, and the principles put forward in previous stages of the research (Shohet et al., 2003a, b) . Statistical and heuristic approaches were used in the development of this model. The statistical approach was based mainly on previous research and on the statistical analyses (performed in the framework of this research), whereas the heuristic approach made use of the cases obtained in the field survey. The architecture of the proposed model is described below. (4) Computerisation of the model. The conceptual development of the model will be followed by the development of a computer application, which will include input and output interfaces, as well as an evaluator and predictor reasoning phase. (5) Validation. In order to examine and improve the developed model, validation will be carried out using two different methodologies:
. several case studies will be performed and their recommendations presented to a group of healthcare FM experts who will evaluate them subjectively; and
. the model will be implemented on a healthcare facility and its results measured, analysed, and compared with the model's predicted values.
This paper focuses on the first three phases. Implementation and validation of the model will be presented in a separate paper.
Field survey

Main findings
The field survey carried out in this research comprised 14 public hospital facilities in Israel (12 acute care and two psychiatric hospitals). Its main findings are summarised below. Table I presents a profile of the sample population, and summarises the mean and standard deviation (SD) of different parameters examined at the 12 acute care public hospitals. The main findings were as follows. The mean built density was 0.64, with an SD of 0.61. In only two out of the 12 facilities in the sample population, was the built density greater than 1, a value that indicates the presence of tall buildings in relatively dense facilities. This ratio can be used to develop an indicator for the allocation of resources according to the facility's built density. The high SD in the average number of patient beds indicates a variety in the size of facilities examined: small, medium, and large. However, the average occupancy (patient beds per 1,000m 2 floor area) in the public acute care hospital facilities was 8.91 (with a SD of 1.90 beds), which indicates a unified policy in the design of hospitals with regard to their occupancy level. The number of in-house maintenance employees does not include gardening, cleaning, kitchen, and security personnel. On average, there were 14.6 patient beds per in-house maintenance employee, or in terms of floor area, 0.63 employees per 1,000m 2 floor area (or one in-house maintenance employee per 1,587m 2 floor area).
Profile of healthcare facilities
The average number of employees per healthcare facility was strongly affected by its policy pertaining to the employment of in-house as opposed to the use of outsourced labour. On average, the main in-house maintenance crews were in the fields of electricity, air-conditioning, water and plumbing, metal workshop, building, and carpentry workshop, which are the core areas of maintenance in healthcare facilities. On the other hand, no in-house crews dealt with elevators, fire protection, and waterproofing. The main reasons for this are the high availability of outsourced workers, the competitiveness of contractors, and their low cost. These issues will be dealt with thoroughly in the development of the proposed FM model. The total number of employees (physicians, nurses, etc.) in the surveyed healthcare facilities was calculated. For public acute care hospitals, the regression analysis between the number of employees and the number of patient beds showed a linear correlation (R 2 ¼ 0:86, at the 0.001 significance level). The findings showed that facilities with 350 patient beds employed an average of 930 employees. Each additional patient bed required an average supplement of 3.25 jobs. This regression is valid in the range of 300 to 1,300 patient beds in public acute care hospitals. It was found that these hospitals employed, on average, 2.86 employees per patient bed, with an SD of 0.74.
Performance
The performance of 54 buildings, selected as a sample out of the building population of 11 public acute care hospital facilities surveyed, was examined. The total floor area of this sample was calculated to be 482,710m 2 (constituting 48 per cent of the total floor area). On average, the area of each building was 8,940m 2 , and the average actual service life was 23.5 years. Most of the buildings examined had an area of less than 10,000m 2 (40 out of 54 buildings, i.e. 74 per cent), and the actual service life of 37 of the buildings (69 per cent) was less than 30 years. Figure 1 presents the percentages of different areas of the buildings according to their designation: hospital wards, offices and administration, utility rooms (laundry, kitchenette, and warehouses), energy facilities, laboratories, clinics, and miscellaneous areas (e.g. lobby, cafeteria). It can be seen from Figure 1 that 42.7 per cent of the surveyed area was designated for hospital wards, 32.6 per cent for utilities, offices and energy, and 18.1 per cent was designated for clinics and laboratories. These figures provide valuable measures for the allocation of resources and priority setting of maintenance, operations, and development activities.
The surveyed buildings were divided into components, and each component was evaluated according to the BPI (Shohet, 2003a, b) , using a 100-point rating scale. The surveyor, together with the facilities manager for each of the facilities, Figure 1 Average distribution, by designation, of floor area in Israeli public acute care hospital facilities examined the performance of each component of the selected buildings. The mean scores for each building system in public acute care hospital facilities are presented in Table II , along with their SDs. Table II also presents the lowest and highest scores for each building system. Mean scores were calculated for each building system, and weighted according to the area of the building in relation to the total facility area. The composition of each system in the total life-cycle costs of the building determined its weight in the overall performance indicator . The values obtained reflect the performance level of the facility and its systems, according to the following categories:
. A performance level with over 80 points indicates that the system is in good or better than good condition.
. A performance level of between 70 and 80 points indicates that the state of the system is such that some of the components are in marginal condition (i.e. some preventive maintenance measures must be taken).
. A performance level of between 60 and 70 points indicates a state of deterioration (i.e. preventive and break-down maintenance activities must be carried out).
. A performance level of less than 60 points means that the system is in a run-down condition. Table II shows that, on average, the system with the highest performance was the medical gases system (87.5 points out of 100), while the system with the lowest performance was the sanitary system (69.9 points). Only two building systems were found to have an average performance level that was higher than 80 points (indicative of a system in good condition), namely, medical gases and communications and low-voltage (82.2). On the other hand, only one system had an average performance level lower than 70 points (a state of deterioration), namely, the sanitary system. The highest performance for a single facility was 85.5 points, while the lowest was 67.8 points. The total performance score was 76.6 points, with an SD of 5.9 points. This means that the performance level of systems in this survey was satisfactory but was not yet at a good level (80).
Energy
Energy is one of the most important aspects of healthcare FM, especially due to its implications on efficiency and cost-effectiveness. Various infrastructure parameters, such as the preparedness and the energy consumption, were examined in this field survey as well. Table III summarises the main findings for public acute care hospital facilities. The results are characterised by high SDs in the water and fuel reservoirs and fire protection systems, which emphasises the diversity between the facilities. There are many possible reasons for this diversity, such as different geographical locations, policies, sets of priorities, availability of financial resources, etc. This situation reinforces even further the need to establish a methodology that will compare between the facilities and monitor these parameters.
Annual water consumption was calculated for the public acute care hospital facilities. The regression analysis between the water consumption and the total floor area of each facility showed a highly linear correlation (R 2 ¼ 0:97, at the 0.001 significance level). The findings show that facilities with an average floor area of 35,000m 2 consume 90,000m 3 of water per annum, on average. Each additional area of 1,000m 2 requires an average supplement of 3,223m 3 of water per year. This regression is valid for floor areas between 35,000 and 280,000m 2 . The water consumption was also analysed in relation to other parameters of the healthcare facility (e.g. number of patient beds, average occupancy, gardening area, etc.). The regression analyses for those cases, however, exhibited low statistical correlations. Similar analyses were conducted in relation to power consumption. In this case, two multi-variable regressions were found that can be used to predict power consumption. The first uses a parabolic function of both the floor and the parking areas of the hospital (R 2 ¼ 0:99, at the 0.001 significance level), whereas the second uses a parabolic function of the occupancy and a linear function of the total number of employees (R 2 ¼ 0:97, at the 0.001 significance level). Use of these two functions may enable prediction of the annual power consumption of a hospital facility.
Data obtained from the facilities managers on the subject of the operation of acute care facilities and which are required in order to reach conclusions on the topic, was found to be insufficient. This topic will therefore be investigated later on during the course of this research.
Summary
Analysis of the field data establishes a profile of the facility parameters, the performance and the energy consumption of public acute care hospitals in Israel. The findings show that the sample population of hospital facilities was nonhomogeneous in many parameters such as performance, outsourcing of FM services, and so on. These findings illustrate the lack of structured outlines for healthcare FM. The regression analyses of power and water consumption data as against the healthcare facility parameters shows high correlations between the power and water consumption and the total floor area of a healthcare facility and the number of its employees. These statistical models will be implemented in the knowledge base predictor of the energy and operations module of the IFMM.
The healthcare facilities maintenance model
Rationale The model proposed in this research (IFMM) provides insight into the assessment of parameters that affect maintenance and operations in healthcare facilities. The proposed model, presented in Figure 2 , is divided into three main phases: input interface; reasoning evaluator and predictor phase; and output interface.
In general, the input interface receives data from the user on a particular facility, using five main modules (as described below). The input data is then analysed by the reasoning evaluator and predictor, which stores knowledge on both past cases (using CBR) and on developed models (knowledge-based predictor model). Finally, the output interface provides the user with analyses of the facility's indicators, using the same five modules used by the input interface. The interfaces are forward related, i.e. information received by the input interface is analysed by the reasoning evaluator and predictor, resulting in indicators and recommendations that are subsequently processed by the output interface.
The input interface
As presented in Figure 2 , the input interface is composed of five main modules: (1) maintenance management; (2) performance and risk management; (3) energy and operations; (4) management; and (5) development.
The data are input into these modules by the user. The modules are designed to contain information related to the facility in question, which is later used by the second interface in the evaluation and prediction of the maintenance and operations parameters. Figure 3 presents a conceptual description of three of the five modules, namely, maintenance management, performance and risk management, and energy and operations (see the Appendix for a list of abbreviations). Whereas the two remaining modules, management and development, are certainly part of the model, such modules have already been developed in previous studies (Shen and Spedding, 1998; Shen and Lo, 1999; Shohet and Perelstein, 2003 ) and hence will not be dealt with here.
The three modules of the input interface consist of the following data: (1) Maintenance management. This module includes the profile of the facility and its parameters, in the following categories:
. geographic category of the facility (GEC) -coastal, in-land, desert, or mountain;
. type of facility (TOF) -university hospital, medium/large, or small/peripheral hospital;
. facility area (FAR) -total ground area, floor, parking and gardening areas (m 2 );
. environmental conditions (ENV) -marine or in-land environment;
. density of personnel and visitors (DEN) (people/m 2 /year);
. occupancy of patients, and yearly average occupancy (OCP) (patient beds/m 2 );
. actual annual maintenance expenditure per total floor area (AME) ($/m 2 );
. actual maintenance resources (AMR) -inhouse, outsourcing, and materials -for each of the maintenance professions;
. availability of labour for each of the maintenance professions (AOL);
. facility designation by categories (FAD) -hospital wards, offices and administration, utility areas, energy, laboratory, clinics, and other, for each part of the building;
. actual and required service life for each part of the building (ASL and RSL) (years); and Input from these modules is passed on to the second stage of the model for assessment, evaluation, and prediction.
The output interface
The output interface is schematically similar to the input interface, and is composed of the same five main facilities management modules. This phase of the model produces a set of variables, according to which a given facility is analysed. Figure 4 presents the structure of the output interface. The main outcomes of the five modules are as follows:
(1) Maintenance management. Two outcomes are produced: predicted annual maintenance expenditure (PrAME) ($/m 2 ), and recommended maintenance policy for each building system (MPn).
(2) Performance and risk management. This module computes the actual facility performance level (BPI), in addition to the following two outcomes: predicted risk level (PrRLn), and predicted facility performance (PrFPn). These three products are obtained for each of the ten building systems. (3) Energy and operations management. Two outcomes are produced: predicted annual energy consumption (PrAEC), and predicted annual operations expenditure (PrAOE).
The above-mentioned outcomes are interrelated; for instance, the predicted annual maintenance expenditure is adjusted to the predicted risk level and to the predicted performance, and all of the variables related to the maintenance must be adapted to the required risk and performance level. Such implementation will enable the execution of sensitivity and cost-benefit analyses of alternative requirements.
The reasoning evaluator and predictor
The reasoning evaluator and predictor analyses the data that have been input into the input interface.
This part of the model is executed by implementing two methodologies: Each of the indicators predicted at this phase uses either CBR or a knowledge-based predictor model to assess its effect and impact on the output interface (the subsequent interface). The reasoning evaluator and predictor helps estimate different indicators used in the third interface -the output interface. The maintenance management module of the reasoning evaluator and predictor classifies facilities according to past cases, and uses indicators to predict maintenance expenditure and maintenance resources. Figure 5 presents the flowchart of the maintenance management module. It begins with the input interface, in which the facility is classified; continues to the reasoning evaluator and predictor phase, in which the maintenance indicators are calculated, according to a database of performance indicators and a database of previous cases; and concludes with the output interface, described above. Similar procedures are performed in order to classify the building and to predict the performance and risk level in the performance and risk management module, as well as to predict the energy consumption and operations expenditure in the energy and operations management module.
Conclusions
Decision making in FM involves multiple parameters and variables analysis. Despite the fact that great research and development efforts have been invested in the topic of healthcare FM (Fredriksen, 2002; Gallagher, 1998; Gelnay, 2002; Holt et al., 2000; Okoroh et al., 2002; Pullen et al., 2000; Rees, 1997 Rees, , 1998 , the currently Figure 3 The IFMM -input interface Figure 4 The IFMM -output interface Figure 5 The maintenance management model -flowchart available models for FM decision making are still limited, particularly on the strategic level. This may be attributed to the fact that the integration between the different parameters of the facility has not yet been researched thoroughly. This is particularly true concerning the effects of the facility parameters on maintenance and operation. The conceptual frame put forward in this paper proposes an integrated model for healthcare FM. The proposed model is divided into five modules, namely, maintenance management, performance and risk management, energy and operations, management, and development. The field survey carried out in the preliminary phase of the research showed that the facilities' parameters are non-homogeneous. Nevertheless, the analysis succeeded in producing a profile of an acute care hospital facility, using key parameters and indicators. The statistical analysis developed models for the prediction of power and water consumption as against the facility's floor and parking area, and number of employees.
The output of the conceptual model comprises seven vectors and variables in three modules (Figure 4 ), as follows:
(1) The maintenance management module produces the following outcomes:
. predicted annual maintenance expenditure (PrAME) -a value pertaining to the level of expenditure justified by the parameters and the performance of the facility; and . maintenance policy (MP n ) -a vector comprising ten variables concerning the preferred maintenance policy for each of the ten building systems. (2) The performance and risk management module (PRMM) produces three outcomes:
BPIs -a vector comprising ten values (P n ), indicating the actual performance of a facility;
. predicted risk level (PrRL n ) -a vector comprising ten indicators regarding the level of risk for each building system; and . predicted facility's performance (PrFP n ) -the predicted performance of the facility as derived from the implementation of the resources indicated in the preceding outcomes. (3) The energy and operations module produces two outcomes:
. predicted annual energy consumption (PrAEC) -based on the predicted energy consumption model presented above; and . predicted annual operations expenditure (PrAOE).
The reasoning phase of the model is based on the application of CBR alongside the statistical models and KPIs, which, in the review of methodologies, were found to be adequate for this purpose. The proposed model identifies and defines the core body of parameters required in order to characterise healthcare facilities. The model suggests a set of five groups of outcomes that will allow for performance-based management of healthcare facilities. The outcomes of the model provide guidelines for the methodological design and management of healthcare facilities from a life-cycle perspective. MP n -Maintenance policy for system n (n ¼ 1 4 10). OCP -Occupancy. PP n -Physical performance for system n (n ¼ 1 4 10). PrAEC -Predicted annual energy consumption. PrAME -Predicted annual maintenance expenditure. PrAOE -Predicted annual operations expenditure. PRE -Preparedness. PrFP n -Predicted facility performance for system n (n ¼ 1 4 10). PRMM -Performance and risk management module. PrRL n -Predicted risk level for system n (n ¼ 1 4 10). RP n -Required performance for system n (n ¼ 1 4 10). RR n -Required risk level for system n (n ¼ 1 4 10). RSL -Required service life. TOF -Type of facility.
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